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ABSTRACT
Many real data come in the form of non-grid objects, i.e. graphs,
from social networks to molecules. Adaptation of deep learning
from grid-alike data (e.g. images) to graphs has recently received
unprecedented attention from both machine learning and data
mining communities, leading to a new cross-domain field—Deep
Graph Learning (DGL). Instead of painstaking feature engineering,
DGL aims to learn informative representations of graphs in an end-
to-end manner. It has exhibited remarkable success in various tasks,
such as node/graph classification, link prediction, etc.

In this tutorial, we aim to provide a comprehensive introduction
to deep graph learning. We first introduce the theoretical founda-
tions on deep graph learning with a focus on describing various
Graph Neural Network Models (GNNs). We then cover the key
achievements of DGL in recent years. Specifically, we discuss the
four topics: 1) training deep GNNs; 2) robustness of GNNs; 3) scala-
bility of GNNs; and 4) self-supervised and unsupervised learning
of GNNs. Finally, we will introduce the applications of DGL to-
wards various domains, including but not limited to drug discovery,
computer vision, medical image analysis, social network analysis,
natural language processing and recommendation.

1 TARGET AUDIENCE AND PREREQUISITES
Target Audience: the conference attendees with interest in deep
learning and graph mining.
Pre-requisites: for audiences who have the basic knowledge of
deep learning and graph mining.

2 TUTORIAL TOPICS
As an emerging area with fruitful progresses in both theory and
application recently, deep graph learning should be of interest to
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many of the conference attendees. The topics of this full-day tutorial
include (but are not limited to) the following:

• Old-Fashioned Graph Learning [21]
• Foundations of Deep Graph Learning [7, 8, 14, 23]
• Advanced Deep Graph Learning [5, 17, 18]
– Training deep GNNs [19, 22]
– Scalability of GNNs [3, 10, 26]
– Robustnes of GNNs [2, 4, 13, 28]
– Self/Un-supervised learning of GNNs [9, 12, 20, 24]

• Applications: Drugs, Society, Vision, NLP and Recommenda-
tion [1, 6, 11, 15, 16, 25, 27]

3 TUTORS BIOGRAPHY
Yu Rong is a senior researcher of Machine Learning Center in
Tencent AI Lab. He received his Ph.D. degree from The Chinese
University of Hong Kong in 2016. He joined Tencent AI Lab in June
2017. His main research interests include graph neural networks
and large-scale graph systems, with a particular focus on the design
and efficient training for complex graph learning models. He has
published several papers on data mining, machine learning top
conferences, such as KDD, WWW, NeurIPS, ICLR, CVPR, ICCV, etc.
Wenbing Huang is now an assistant researcher at Tsinghua Uni-
versity. He received his Ph.D. degree of computer science and tech-
nology from Tsinghua University in 2017. His current research
mainly lies in learning on irregular structures including graphs and
videos. He has published about 30 top-tier conference and journal
papers, including NeurIPS, ICLR, ICML, CVPR, etc.
Tingyang Xu is a senior researcher of Machine Learning Center in
Tencent AI Lab. He obtained the Ph.D. degree from The University
of Connecticut in 2017 and joined Tencent AI Lab in July 2017. In
Tencent AI Lab, he is working on deep graph learning and apply-
ing the deep graph learning model to various applications, such
as molecular generation and rumor detection. He has published
several papers on data mining, machine learning top conferences
KDD, WWW, NeurIPS, ICLR, CVPR, ICML, etc.
Hong Cheng is an Associate Professor in the Department of Sys-
tems Engineering and Engineering Management, Chinese Univer-
sity of Hong Kong. She received the PhD degree from the Univer-
sity of Illinois at Urbana-Champaign in 2008. Her research inter-
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ests include data mining, database systems, and machine learn-
ing. She received research paper awards at ICDE’07, SIGKDD’06,
and SIGKDD’05, and the certificate of recognition for the 2009
SIGKDD Doctoral Dissertation Award. She received the 2010 Vice-
Chancellor’s Exemplary Teaching Award at the CUHK.
JunzhouHuang is an Associate Professor in the Computer Science
and Engineering department at the University of Texas at Arlington.
He also served as the director of Machine Learning Center in Ten-
cent AI Lab. His major research interests include machine learning,
computer vision. He was selected as one of the 10 emerging leaders
in multimedia and signal processing by the IBM T.J. Watson Re-
search Center in 2010. His work won the MICCAI Young Scientist
Award 2010, the FIMH Best Paper Award 2011, the MICCAI Young
Scientist Award Finalist 2011, the STMI Best Paper Award 2012, the
NIPS Best Reviewer Award 2013, the MICCAI Best Student Paper
Award Finalist 2014 and the MICCAI Best Student Paper Award
2015. He received the NSF CAREER Award in 2016.
Yao Ma is a Ph.D. student of Computer Science and Engineering at
Michigan State University. His research interests include network
embedding and graph neural networks for graph representation
learning. He was the leading presenter for the tutorial of “Graph
Neural Networks: methods and applications” at AAAI2020 that is
the most well-received tutorial with more than 400 audience. Up-
dated information can be found at http://cse.msu.edu/~mayao4/.
Yiqi Wang is a Ph.D. student in the Computer Science and Engi-
neering Department at Michigan State University. She is working
on graph neural networks including fundamental algorithms, ro-
bustness and applications. She is one of the key contributors to the
survey and empirical study on adversarial attacks and defenses on
graphs with the developed repository. Updated information can be
found at http://cse.msu.edu/~wangy206.
Tyler Derr is an Assistant Professor at Vanderbilt University in the
Electrical Engineering and Computer Science department. He re-
ceived his PhD in Computer Science fromMichigan State University
in 2020. His research is in network analysis and representation learn-
ing. He has published and serves as a program committee member
at the top conferences in these domains and co-organized the Deep
Graph Learning workshop at IEEE BigData’19. He received the Best
Reviewer Award at ICWSM’19 and Best Student Poster Award at
SDM’19. More details can be found at http://www.TylerDerr.com.
Lingfei Wu is a research staff member at IBM Research and is
leading a research team (10+ RSMs) for developing novel Graph
Neural Networks for many AL/ML/NLP tasks. He has published
more than 60 top-ranked conference and journal papers and is a
co-inventor of more than 25 filed US patents. He has co-organized
10+ conferences and workshops, including IEEE BigData’19, IEEE
BigData’18, Workshops of Deep Learning on Graphs (with IJCAI’20,
AAAI’20, KDD’19, and IEEE BigData’19). He has currently served as
Associate Editor of ACM TKDD, and regularly served as a SPC/PC
member of the following major AI/ML/NLP conferences including
KDD, IJCAI, AAAI, NIPS, ICML, ICLR, and ACL. Personal website:
https://sites.google.com/a/email.wm.edu/teddy-lfwu/home.
Tengfei Ma is a research staff member of IBM Research AI. Prior
to moving to the IBM T. J. Watson Research Center in 2016, he
received his Ph.D. from the University of Tokyo and joined IBM
Research Tokyo in 2015. His research interests have spanned a num-
ber of different topics in machine learning and natural language

processing. Recently his research is mainly focused on graph neural
networks and their applications in healthcare and natural language
processing; and he has published a series of papers about this topic
in top conferences such as NeurIPS, ICLR, IJCAI, AAAI. Personal
website: www.matengfei.com
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